1. Introduction {#sec1}
===============

In 21st century, learners are visually sophisticated and accustomed to digital media ([@bib27]). Educational landscape is changing swiftly due to the heavy technology adoption among new generation of learners. Digital devices installed with various applications such as Facebook, chatting apps, YouTube, etc. have changed people\'s way of living, including communication and social affairs, as well as education methods ([@bib108]). The increasing tendency towards interactive video content creation and collaborative technologies seems to validate the beliefs that enhanced educational technologies and learning systems help engage learners in learning and improve learning productivity ([@bib27]). "Higher education is emphasising more on higher order experiences and outcomes which requires a major transformation in knowledge and communication-based society" ([@bib107]). Thus, the conventional e-learning methods are no longer adequate to cater for the needs of upgraded learning processes especially in higher education.

The great demand for e-learning content especially multimedia element requires rapid storage growth and dynamic concurrency demands, which is not adequate to be handled by the conventional e-learning methods. The creation of multimedia e-learning content is expensive and takes time; hence, the advantage of reusability and shareability of the e-learning content is essential to enhance production of multimedia content. Besides that, learning content in conventional learning methods is inflexible to contribute to the highly distributed learning resources. Hence, the conventional methods are lacking of the ability in solving the challenges of optimizing the allocation of resources, handling the requirements for enormous storage growth of multimedia elements, and cost distribution.

The readiness of the state-of-the-art Internet and Cloud technologies inspire the envisioning of an e-learning framework employing Cloud technology to promote the flexibility of learning content and to address issues of conventional learning methods. Cloud computing has been adopted to support cooperative learning and remote e-learning based on Cloud computing environment and the transformation of computer fundamental curriculum in universities ([@bib69]). An upgraded education domain that shares the Cloud characteristics of elasticity, flexibility, efficiency and reliability can be formed by embracing Cloud technology into e-learning ([@bib48]). Students will be able to take courses online and perform learning activities at their own pace; whereas lecturers will be able to manage learning content, activities, and assessment anytime and anywhere via Cloud applications ([@bib92]). Another distinct advantage of Cloud technology is the ability to share, process, edit and store huge amount of learning content within educational environments ([@bib2]). Cloud computing also delivers a low-cost solution to higher learning institutions for their researchers, academicians and students, at the same time, improved learning performance ([@bib6]; [@bib92]). Therefore, in this study, a Cloud e-learning framework that embraces most of the Cloud characteristics is proposed. Subsequently, a Cloud e-learning application is designed and developed according to the principles of the proposed framework.

The objective of this study is to propose and validate a theoretical model for predicting continuance intention to use Cloud e-Learning application among IT students in a private university in Malaysia. A comprehensive Cloud e-Learning application is designed and developed embracing a series of Cloud learning tools and Web 2.0 tools. Numerous literatures on technology acceptance ([@bib1]; [@bib18]; [@bib21]; [@bib34]; [@bib33]; [@bib51]; [@bib55]; [@bib77], [@bib78]; [@bib81])., continuance intention ([@bib7]; [@bib9]; [@bib52]; [@bib103]; [@bib105]; [@bib108]), usability standards ([@bib11]; [@bib87]; [@bib109]), etc. have been reviewed to identify the key usability factors. Four prominent models and theories relating to understanding user perceptions of information technology (IT) and user acceptance of information system (IS) have been identified, namely Technology Acceptance Model ([@bib33]), Theory of Planned Behaviour ([@bib5]), Social-Cognitive Theory ([@bib13]), and Motivational Model ([@bib95]; [@bib111]). The proposed theoretical model thus adopts five usability factors from the identified models: Computer Self Efficacy from Social-Cognitive Theory ([@bib13]); Enjoyment from Motivational Model ([@bib95]; [@bib111]); Perceived Ease of Use, and Perceived Usefulness from Technology Acceptance Model ([@bib33]); and User Perception from Combined TAM-TPB ([@bib104]). This study focuses on the students\' behavioural intention towards Cloud e-learning. The five factors are adopted into the proposed framework because these factors are able to directly assess the continuance intention of Cloud e-learning application from the perspective of user perception and usability. Perceived ease of use, perceived usefulness, and user perception are chosen to comprehend students\' perception and understanding towards Cloud e-learning which subsequently lead to continuance intention to use its application. Computer self-efficacy and enjoyment are chosen to comprehend students\' subjective experiences such as being confidence and having enjoyments while learning via Cloud applications. All independent variables are hypothesized to be positively associated to Continuance Intention (CI) to use Cloud e-learning application.

Frameworks integrated IS theories and technology acceptance models allow researchers to comprehend user behavioural intention from different viewpoints ([@bib44]). However, a proper technology acceptance framework for Cloud e-learning has yet to be discovered. Thus, findings obtained from this study can lead to new insights on Cloud e-learning acceptance in higher education.

2. Background {#sec2}
=============

2.1. Relevant cloud e-learning frameworks {#sec2.1}
-----------------------------------------

E-learning, based on the definition given by [@bib17], is an instruction that is delivered electronically partially or solely via a web browser, such as Netscape Navigator, through the Internet or multimedia platforms such as CD-ROM or DVD. In short, e-learning is an Internet-based learning method ([@bib92]).

Cloud computing is an essential service-oriented computing and consistently shows its excellent ability in scalability, flexibility and accessibility ([@bib119]). Cloud Computing is also a key technology for resource sharing ([@bib60]). Holding the aptitudes of distributing computation and storage resources as services, Cloud Computing has become a desirable technology in teaching and learning ([@bib37]). Adopting Cloud computing in e-learning can produce an upgraded learning process that shares Cloud characteristics of scalability, flexibility, accessibility and shareability ([@bib48]).

Cloud e-learning is the adoption of Cloud computing technology in the field of e-learning where all the hardware and software computing resources can be engaged as e-learning services ([@bib92]). In 2009, a private Cloud architecture along with its modules and components such as Monitoring Management component, Security component, etc. was well presented ([@bib102]). CLoudIA provides on-demand creation and configuration of virtual machine images to enable students to have their own Java environment for experimentation, containing MySQL, PHP, and Apache web server. In the same year, another notable e-learning framework called BlueSky Cloud framework was presented ([@bib37]). BlueSky solved the resource utilization and scalability issues in e-learning.

Shaik Saidhbi [@bib93] presented Ethiopian Universities Hybrid Cloud (EUHC), which offers the joint benefits of public and private Cloud by adopting hybrid Cloud in Ethiopian universities. In 2013, a relatively complete academic Cloud framework was presented ([@bib73]). Their framework specifies the virtualization technology to be used to build an academic Cloud above the existing university infrastructure in order to use the resources more effectively and also to support the quality of service (QoS) objectives such as high availability, performance, reliability, scalability, load balancing and security in Cloud service models. In the subsequent year, Kaur and Chawla proposed a Cloud E-Learning (CEL) as a platform to implement advance Java e-learning in Cloud ([@bib61]). The frameworks described well-defined learning content in its learning application layer.

In 2017, Rajput and Deora proposed a Cloud framework for e-learning consisting five layers incorporating three Cloud services ([@bib90]). The framework also adopted virtualization technology to build an academic Cloud above their existing university infrastructure in Cloud services models. In the same year, a model utilizing social Cloud was proposed ([@bib39]). The model enabled universities in teaching practical IT skills by implementing ecosystems, and also allowed students to foster all the educational pillars through IT training from massive open online courses (MOOCs). In 2018, a Cloud computing framework for higher education institutes in developing countries (CCF_HEI_DC) was proposed by Shukur, Khanapi and Ghani. The framework with six layers was able to be implemented and developed in any developing countries. A new Cloud service named Data as a Service (DaaS) was added to the model to provide raw data as well as generated data sufficiently ([@bib99]).

From the outcomes of literature studies, strengths of the existing Cloud learning frameworks were adopted as added value into present research. A Cloud e-learning framework has been subsequently proposed for the shaping of a new education domain that shares the Cloud characteristics particularly reusability and shareability. The proposed Cloud e-learning framework consist of five layers namely User Interface Layer, Application layer, Cloud Management Layer, Data Information Layer, and Virtual Infrastructure Layer. Each layer in the framework is made up of a series of components for different purposes. The highlight of the proposed Cloud e-learning framework lies in the data information layer which contains Could e-learning objects which flexible, reusable and shareable.

2.2. Relevant theoretical models to explain IT usage and usability factors {#sec2.2}
--------------------------------------------------------------------------

Technology Acceptance Model (TAM) by [@bib33] is extensively studied and adopted for its simplicity and predictive accuracy in the field of technology acceptance. TAM model has been expanded by numerous researchers and has been applied in various technologies including mobile banking ([@bib72]), e-learning ([@bib24]; [@bib26]), teleconferencing ([@bib84]), short message service ([@bib79]), e-government ([@bib51]; [@bib71]), mobile learning ([@bib82]; [@bib42], [@bib43], [@bib44]), etc.

Continuance intention has been the subject of substantial theoretical developments ([@bib89]) such as IS continuance ([@bib7]; [@bib9]; [@bib52]; [@bib103]; [@bib105]; [@bib108]) and post-adoption usage ([@bib57]; [@bib80]). Continuance intention reflects post adoption behaviour and intention of continue using an information system ([@bib68]). The IS continuance researches are the derivation from prior theories and models such as theory of planned behaviour (TPB), technology acceptance model (TAM), and etc. that tried to explain user intention towards IT usage ([@bib105]).

Theory of Planned Behaviour (TPB) originated from the field of social psychology which claimed that behavioural intention predicts actual user behaviour ([@bib5]). TPB introduced perceived behavioural control (PBC) as a determinant of intention. PCB is determined by perceived importance of skills, resources, and opportunities to achieve outcome. Combined TAM-TPB ([@bib104]) links the predictors of TPB with constructs in TAM. It is also known as the "decomposed" theory of planned behaviour because the belief structure is decomposed in this model ([@bib65]). [@bib65] investigated user perceptions for the adoption of Web 2.0 tools among hospital-based nurses and concluded that the identified behavioural perceptions are crucial to understand the adoption intention of Web 2.0 for knowledge sharing, learning, social interaction, and the production of collective intelligence. User perception is often associated with measures of perceived usability ([@bib120]).

In the TAM, [@bib33] identified two key beliefs, perceived usefulness and perceived ease of use to model user acceptance of information technologies. Perceived ease of use refers to the extent to which an individual perceived that using a system is easy and effortless ([@bib33]), whereas perceived usefulness refers to the degree to which an individual believes that using a particular system would enhance his or her job performance ([@bib33]). It suggested that computer usage was determined by a behavioural intention to use a system, which was jointly determined by perceived ease of use and perceived usefulness. Previous studies revealed that if an individual perceives a system to be ease to use, he or she is more likely to perceive the system to be useful also ([@bib3]; [@bib76]). If an individual perceives the system to be easy to use, the individual is more likely perceive the system to be useful, and more likely to use the system, especially among novice users ([@bib64]). Numerous studies have validated the significance of perceived ease of use and perceived usefulness as major determinants of attitude towards technology acceptance ([@bib1]; [@bib18]; [@bib21]; [@bib34]; [@bib33]; [@bib51]; [@bib55]; [@bib77], [@bib78]; [@bib81]).

Another line of research that can help explain IT usage patterns was inspired by Social-Cognitive Theory (SCT) model ([@bib13]). SCT provides a basis for understanding, predicting, and changing human behaviour and suggests that human behavioural change is affected by personal factors and environmental conditions. A pivotal principle of SCT is the concept of self-efficacy. SCT advocates that adoption requires not only the benefits brought forth by the technology, but also the skills and confidence of a user towards the technology ([@bib13]).

Computer self-efficacy, referring to an individual\'s confidence in his or her capability to use new technology and applications, is a vital predictor for technology acceptance ([@bib12], [@bib14]; [@bib30]). "The degree of self-efficacy of an individual affects his or her capabilities to garner motivation, cognitive resources, and courses of action needed to meet situational demands" ([@bib14]). Computer self-efficacy also impacts decisions, goals, and amount of effort in performing a task, and the length of time they would persist through challenges and complications ([@bib67]). Computer self-efficacy builds up motivational base of an individual in navigating a computer-based environment ([@bib35]). A study on the effect of computer self-efficacy towards behaviours in simulation-based learning by [@bib67] demonstrated partial evidence that computer self-efficacy affects how one behaves in simulation-based learning. An empirical study on mobile technology acceptance by [@bib43] also presented a consistent result where computer self-efficacy moderately predict behavioural intention. In education related literatures, computer self-efficacy has been proven for its encouraging effect on technology acceptance for learning purposes ([@bib8]; [@bib23]; [@bib36]; [@bib56]; [@bib94]; D. [@bib98]; [@bib110]).

In the field of motivational psychology, motivation theory has supported numerous researches in behavioural explanation. Motivation theory consists of two major factors of motivations: extrinsic motivation and intrinsic motivation ([@bib95]). [@bib34] tested the extrinsic (e.g., perceived usefulness) and intrinsic (e.g., enjoyment) motivation on user behavioural intention in workplace and found they strong predictors in behavioural intention to use technology. Motivation theory has since been applied and examined in various studies to understand new technology adoption and use ([@bib34]; [@bib62]; [@bib83]; [@bib113]).

Enjoyment can be defined as the extent to which an individual experiences happiness when performing a task, without the need of external reinforcements ([@bib34]; [@bib95]; [@bib111]). Enjoyment is always portrayed as one of the intrinsic motivations that drives people to do something because they enjoy doing it. Multiple studies revealed that enjoyment as intrinsic motivator is one of the significant factors in predicting continuance intention and acceptance of IT technology ([@bib42], [@bib43]; [@bib83]; [@bib106]; [@bib112]; [@bib114]; [@bib116]; [@bib117]; [@bib118]). It is evidence that people will be willing to spend more time and effort on a task and have increased explanatory behaviour and greater acceptance of information technology when tasks create a high level of enjoyment.

3. Model {#sec3}
========

In recent years, more attentions have been given to the post-acceptance or continue usage behaviours because the study of IS acceptance is already approaching maturation ([@bib70]). Based on several literatures reviewed ([@bib7]; [@bib9]; [@bib52]; [@bib68]; [@bib103]; [@bib105]), continuance intention has been selected as an dependent variable to explain Cloud e-learning continuance, and then integrated complementary theories such as technology acceptance model (TAM), social cognitive theory (SCT), and motivational model (MM) to better understand Cloud e-learning continuance.

The main objective of this study is to establish a theoretical model to study usability factors predicting continuance intention to use Cloud e-Learning application. Five usability factors namely computer self-efficacy, enjoyment, perceived ease of use, perceived usefulness, and user perception have been identified and adopted to examine the continuance intention to use Cloud e-learning application among a group of IT students.

Computer self-efficacy and enjoyment play a crucial role as intrinsic motivators ([@bib47]; [@bib43], [@bib44]; [@bib82]) for continuance intention. In the context of this study, computer self-efficacy can be defined as the confidence level of a student in his or her capability to use Cloud e-Learning application, whereas enjoyment can be defined as the degree to which a student experiences joy when using Cloud e-Learning application. Hence, the following hypotheses were derived.H1Computer Self Efficacy positively affects Continuance Intention to use Cloud e-learning application.H2Enjoyment positively affects Continuance Intention to use Cloud e-learning application.

Perceived ease of use and perceived usefulness from TAM ([@bib33]) are well supported across a wide range of studies, but not yet been apparently validated in the context of Cloud e-learning continuance research, thus adopted as the determinants of continuance intention of Cloud e-learning application. An assumption that the complete and user-friendly functionalities of the application make it likely that student may perceives it easy to use and useful in learning. If the Cloud e-learning application is relatively useful and ease to use, students will be more willing to learn about the features and finally has the intention of continue using it. Thus, the following hypotheses were derived.H3Perceived Ease of Use positively affects Continuance Intention to use Cloud e-learning application.H4Perceived Usefulness positively affects Continuance Intention to use Cloud e-learning application.

Lastly, user perception can be defined as the degree of understanding the concept of Cloud e-Learning Application, e.g., appearance, activities, content, technical aspect, etc ([@bib120]). Hence, the following hypothesis was derived.H5User Perception positively affects Continuance Intention to use Cloud e-learning application.

The proposed theoretical model is thereby portrayed in [Fig. 1](#fig1){ref-type="fig"}.Fig. 1The proposed Theoretical Model.Fig. 1

4. Methodology {#sec4}
==============

4.1. Sampling {#sec4.1}
-------------

Convenience sampling was selected for this empirical study. The targeted respondents were a group of IT students in Multimedia University (MMU), Malaysia. Students enrolled in IT course, regardless of gender, age range, year of study and IT major participated in the survey. These students are conveniently accessible to the researcher, and more importantly, they possess basic knowledge and ability in handling educational technology, thus suited to represent a body of computer literate students who would be interested to adopt Cloud e-learning in their studies. A set of questionnaires were distributed to the students at the end of the trimester, and data collection ended when all the students submitted the completed questionnaire.

4.2. Measurement instrument design and development {#sec4.2}
--------------------------------------------------

A set of 30-question Likert-scale questionnaire was formulated. The English written questionnaire was set for self-perceived characteristics; therefore, the questions were phrased to be of self-understanding of the respondents. Since Cloud e-Learning Application was designed for IT students, the questions were also expressed in the context of IT relevance. The main question items were built based on the six identified constructs (CSE, E, PEU, PU, UP, and CI) of the proposed theoretical model. The 5-scale Likert style questions were labelled from "Strongly Disagree", "Disagree", "Neutral", "Agree" and "Strongly Agree", scaled from 1 to 5 respectively.

To establish content validity of the constructs, several interviews with experts were conducted. A pilot test was then conducted where the questionnaire was distributed to 10 selected students from the same class before the actual data collection. Of the ten selected students, seven (70%) were males and three (30%) were females. Two students (20%) were within the age range of 17--20, and 8 (80%) were within 21--24 years old. Majority of the respondents were in their third year of study (40%), followed by first year and second year, both 30% respectively. All the students were from the IT field, having four different majors, namely Security Technology (ST), Data Communication and Networking (DCN), Artificial Intelligence (AI) and Information Technology Management (ITM), with the percentage of 30%, 30%, 20% and 20% respectively. The students were given 15 minutes to complete the questionnaire, and feedback were gathered via face-to-face interview. During the interview, students were asked if they understood or agreed with the definition of study, objectives of survey, consensus, demographic details, 5-scale Likert style, clarity of questions, etc. The interview has ensured that the survey items made sense and suitable for the scope of study. More importantly, the pilot test was conducted to verify that the students understand the definitions and terms used in the questionnaire. Comments from the interview were then compiled and the questionnaire was revised accordingly. Several survey item terms and phrases were refined to improve clarity. For further details, please see the Appendices.

4.3. Research design and procedures {#sec4.3}
-----------------------------------

In educational study, research design can be classified as qualitative, quantitative, or mixed method ([@bib32]; [@bib58]). The usefulness of qualitative and quantitative approach in educational research has been discussed and heavily debated ([@bib29]; [@bib32]; [@bib58]; [@bib86]; [@bib88]).

Qualitative research is characterized as meanings, a concept, a definition, metaphors, symbols and a description of things ([@bib16]). Qualitative research instruments include observation, interview, field notes, etc., where data are collected in natural settings. Data collected is capable to provide complete description of the research with regard to participants involved ([@bib32]). However, results from qualitative research is static and cannot be generalized ([@bib58]), which is not suitable to be solely adopted for the continuance study of Cloud e-learning in higher education.

Quantitative research, on the other hand, "emphasizes quantification in the collection and analysis of data" ([@bib19]). Quantitative approach is the use of statistical data as a tool for research descriptions and analysis with much reduced time and resources ([@bib31]; [@bib32]). Data collection and analysis in quantitative research make generalization possible, i.e., results obtained from a particular group can be reflective of the wider society in terms of samples, contents and patterns ([@bib29]; [@bib97]). Besides that, quantitative research basically relies on hypotheses testing where clear guidelines and objectives can be easily followed, thus it can be repeated anywhere at any time and the result is still the same ([@bib97]). In this study, hypotheses are tested by investigating the cause and effect relationships to predict continuance intention to use Cloud e-learning application. Findings are then generalized to a larger population for higher education in Malaysia.

4.4. Data collection {#sec4.4}
--------------------

Survey is one of the most widely used research method in technology acceptance study. It allows the collection of data through the formulation of questions that reflect the opinions, perceptions and behaviors of a group of respondents ([@bib86]). Besides that, survey offers high representativeness of the entire population and it is low cost. Therefore, quantitative survey is adopted as data collection method in this study to investigate continuance intention to use Cloud e-learning application.

Quantitative research requires adequate sample for empirical study ([@bib49]). Sample size is always an important consideration in Structural Equation Modelling (SEM) because it significantly affects the reliability and validity of parameter estimates, model fit, and statistical power ([@bib4]; [@bib96]; [@bib115]). Various rules have been suggested to determine the minimum sample size for regression analyses. Based on [@bib50], the sample size in PLS-SEM is determined by the often-cited 10 times rule which indicates that the sample size should be equal to the larger value between the construct with the biggest number of formative indicators and the endogenous construct with the largest number of independent exogenous constructs predicting it. In this study, all the constructs are reflective. The endogenous construct with the largest number of exogenous constructs is continuance intention (CI) which has 5 exogenous predictors. This implies that this study requires a minimum sample of 50 (10 × 5). Taken into consideration the sample size recommendation, this study sets down to gather a more than sufficient number of 170 responses from the targeted population.

In the beginning of the trimester, a sample size of 170 students were given a thorough instruction and explanation about the Cloud e-learning application. They were strongly encouraged to learn via this e-learning application optimally. They were also being informed that they will be completing a survey by the end of the trimester to input their thoughts after using the Cloud e-learning application. Students were given approximately four months to experience the Cloud e-learning application. In the process, proper guidance was provided along the way to guarantee an optimized experience on the e-learning application. At the same time, non-participatory observation approach was taken to observe the students in a neutral and non-interference manner ([@bib85]). At the end of the trimester, all the 170 students gave full cooperation and answered the printed questionnaire to input their experience with the Cloud e-Learning application, thus the response rate of the survey is 100%. Data were then input into excel and saved as Comma Separated Values (CSV) file format. The CSV file was subsequently fed into SMARTPLS 3.0 for statistical analysis.

4.5. Statistical analysis techniques {#sec4.5}
------------------------------------

To test the proposed hypotheses, structural equation modelling (SEM) was used. SEM is considered as the second generation multivariate data analysis method that gains popularity among social scientist because of its ability in testing theoretical supported and additive causal models ([@bib25]; [@bib74]; [@bib91]). SEM is able to test multiple regression models or equations simultaneously.

Thus far, there are two streams of SEM, namely covariance-based SEM (CB-SEM) and partial least squares SEM (PLS-SEM). CB-SEM examines the fit between observed and theoretical covariance matrix, and focuses less on the explained variance, whereas PLS-SEM focuses more on prediction and estimation, and is useful in maximizing the explained variance of independent variables on the dependent variables ([@bib44]; [@bib91]). PLS-SEM is useful for prediction as it aims to assess the degree in which set of exogenous constructs to predict the endogenous constructs ([@bib40]).

Based on the studies on the statistical analysis techniques, PLS-SEM was deemed to be appropriate choice in association to the objective of this study, which is to predict continuance intention to use Cloud e-Learning application in higher education with the aim to improve learning productivity. SMARTPLS 3.0 was used to run confirmatory factor analysis (CFA) and to verify the internal consistency, reliability, and validity of the theoretical model. Structural model was estimated, and the proposed hypotheses were confirmed.

5. Results {#sec5}
==========

5.1. Demographic analysis {#sec5.1}
-------------------------

A total of 170 IT students in a private university in Malaysia participated in the study by completing a questionnaire. [Table 1](#tbl1){ref-type="table"} shows the demographic details of the respondents. Of the 170 respondents, 134 (78.8%) were males and 36 (21.2%) were females. It is a common phenomenon that male to female ratio is higher in technical courses such as IT and Engineering in higher education. According to Malaysia\'s Ministry of Higher Education (MOE) report published in 2017, male graduates were 10% higher than female graduates in technical field of study ([@bib75]). The average age of the respondents was 22 years old. Majority of the respondents were in their third year of study (52.4%), followed by first year (27.6%), second year (18.2%) and foundation (1.8%). All the respondents were from the IT field, having four different majors, namely Security Technology (ST), Data Communication and Networking (DCN), Artificial Intelligence (AI) and Information Technology Management (ITM), with the percentage of 47.6%, 31.2%, 10.6% and 10.6% respectively. Out of 170 respondents, 166 (97.7%) possessed at least one digital device such as smartphone, laptop, tablet, etc. with internet access. 155 (91.2%) respondents have used their digital devices for learning purposes.Table 1Demographic profile of respondents.Table 1CountPercentageGenderMale13478.8Female3621.2Age Range17--20148.221--2415490.625--2821.2Year of StudyFoundation31.8First Year4727.6Second Year3118.2Third Year8952.4IT MajorAI1810.6DCN5331.2ITM1810.6ST8147.6

5.2. Factor analysis {#sec5.2}
--------------------

A total of six constructs namely Computer Self Efficacy (CSE), Enjoyment (E), Perceived Ease of Use (PEU), Perceived Usefulness (PU), User Perception (UP) and Continuance Intention (CI) have been identified and adopted for the usability factor analysis. The constructs consist of five exogenous variables, each loaded with five research items, and one endogenous variable loaded with seven research items. The structural model along with its path coefficients are illustrated in [Fig. 2](#fig2){ref-type="fig"}.Fig. 2Structural model and path coefficients.Fig. 2

Coefficient of determination, R^2^ value, was determined to evaluate the predictive accuracy of the structural model\'s endogenous construct. From the structural model, it is observed that R^2^ is 0.619 for the endogenous construct, CI. This implies that the five exogenous constructs (CSE, E, PEU, PU and UP) moderately explain 61.9% of the variance in CI, which evaluates to moderate predictive power ([@bib25]; [@bib50]; [@bib53]).

The inner model suggests that CSE and E are strong predictors that significantly affect CI, with CSE (β = 0.385, *t*-value = 4.933) emerging as the strongest predictor, followed by E (β = 0.308, *t*-value = 3.803). Having *t*-value\>1.645 for significance level of 5 percent (α = 0.05) in one-tailed test also implies that CSE and E have strong positive relationships with CI ([@bib50]).

In the assessment of the theoretical model, three main assessment criteria namely internal consistency reliability, convergent validity and discriminant validity were adopted. Convergent validity is the extent to which a measure correlates positively with alternative measures of the same construct. To assess convergent validity, the outer loadings of the indicators and the average variance extracted (AVE) were measured ([@bib50]). Loading values equal to or greater than 0.7 ([@bib49]) are deemed to be statistically significant, indicating adequate convergent validity. Besides that, AVE values equal to or greater than 0.5 ([@bib10]; [@bib41]; [@bib50]) also suggest satisfactory convergent validity. Composite reliability (CR) measures internal consistency by taking into account of the outer loadings of the indicators ([@bib45]). CR values above 0.7 can be regarded as satisfactory ([@bib41]; [@bib45]; [@bib91]). [Table 2](#tbl2){ref-type="table"} displays the loading values of each construct, its CR and its AVE.Table 2Convergent validity and composite reliability.Table 2ConstructItemsLoadingsCRAVEComputer Self Efficacy (CSE)CSE10.7610.8810.597CSE20.742CSE30.782CSE40.768CSE50.81Continuance Intention (CI)CI10.8620.9420.699CI20.88CI30.849CI40.838CI50.793CI60.844CI70.783Enjoyment (E)E10.8090.8740.635E20.725E30.845E40.805Perceived Ease of Use (PEU)PEU10.8250.8710.628PEU20.834PEU30.8PEU50.705Perceived Usefulness (PU)PU20.7660.8660.617PU30.772PU40.82PU50.783User Perception (UP)UP10.9070.9190.791UP20.869UP30.891[^1]

Research items that failed to adequately measure the latent variables were removed from further empirical testing. All construct indicators were having the outer loading ≥0.7, which were considered to be acceptable ([@bib49]) and high convergent validity ([@bib20]). In other words, all indicators achieved the threshold value; hence, satisfactory indicator reliability was achieved. Average Variance Extracted (AVE) was evaluated for all constructs to check the convergent validity. It can be observed that all the constructs have met the satisfactory level of AVE result of ≥0.5; hence, convergent validity was confirmed ([@bib50]). As for the internal consistency reliability, it is observed that all the constructs have also met the satisfactory level of CR result of ≥0.7, which were considered acceptable ([@bib50]). It is thus concluded that the constructs met reliability and convergent validity requirement at this stage.

Subsequently, discriminant validity was assessed to determine the extent to which the factors are truly distinct from other factors in the model. To assess discriminant validity, the Fornell Larcker criterion, cross loading criterion ([@bib50]) and Heterotrait-Monotrait ratio of correlations (HTMT) ([@bib54]) were used. [@bib41] suggested that "the square roots of AVE in each latent variable can be used to establish discriminant validity if the value is larger than other correlation values among the latent variables". The results in [Table 3](#tbl3){ref-type="table"} indicate that all constructs exhibited sufficient or satisfactory discriminant validity, where the square roots of AVEs for the reflective constructs of CSE (0.773), CI (0.836), E (0.797), PEU (0.792), PU (0.785) and UP (0.889) were all higher than the values of the inter-construct on the same columns and rows ([@bib41]).Table 3Discriminant validity -- Fornell-Larcker criterion.Table 3CSECIEPEUPUUPCSE**0.773**CI0.697**0.836**E0.5680.678**0.797**PEU0.5920.630.684**0.792**PU0.6160.6370.6990.742**0.785**UP0.6340.6130.6190.7310.718**0.889**[^2]

For cross loading criterion, the loadings of indicators on the assigned constructs were all higher than the loadings on all other constructs ([Table 4](#tbl4){ref-type="table"}), indicating that the indicators of different constructs are inter-changeable. The difference between loadings across constructs were not less than 0.1 ([@bib25]; [@bib100]).Table 4Discriminant validity -- cross-loading criterion (bolded values represent the loadings of indicators on the assigned constructs).Table 4CSECIEPEUPUUPCI10.651**0.862**0.640.6130.60.587CI20.614**0.88**0.5850.5530.5770.491CI30.574**0.849**0.6060.5150.5040.476CI40.56**0.838**0.4980.5050.5150.512CI50.587**0.793**0.5540.4660.4710.5CI60.548**0.844**0.5710.490.5220.512CI70.535**0.783**0.4990.5330.530.506CSE1**0.761**0.5660.4780.4940.520.543CSE2**0.742**0.4990.4350.4180.4180.504CSE3**0.782**0.5540.4520.3960.4230.445CSE4**0.768**0.4430.3640.4250.440.47CSE5**0.81**0.6060.4530.5380.5630.488E10.440.537**0.809**0.5750.580.529E20.4190.436**0.725**0.5070.4910.539E30.5360.606**0.845**0.5530.5680.512E40.410.566**0.805**0.5470.5860.413PEU10.4750.4640.529**0.825**0.5810.602PEU20.4830.4690.54**0.834**0.5560.551PEU30.4340.5020.53**0.8**0.5840.603PEU50.4730.5430.552**0.705**0.6110.55PU20.4770.4670.4670.619**0.766**0.601PU30.3920.4720.60.522**0.772**0.475PU40.5150.5150.5520.585**0.82**0.628PU50.5430.5410.5750.602**0.783**0.55UP10.5750.5620.5410.7050.701**0.907**UP20.5430.5120.5590.5830.599**0.869**UP30.5720.560.5530.6580.613**0.891**

[@bib54] suggested HTMT as an alternative approach to assess discriminant validity to measure the ratio of correlations within the constructs to correlations between the constructs. HTMT was used to ensure every construct in this study is truly distinct from one another. In [Table 5](#tbl5){ref-type="table"}, none of the confidence interval of HTMT values for the structural paths contains the value of 1, indicating the sufficiency of discriminant validity ([@bib54]). Fornell-Larcker criterion, cross-loading criterion, and HTMT thus confirmed the discriminant validity of the constructs. In other words, there was no issue of high cross-loading among one another.Table 5Discriminant validity -- HTMT.Table 5CSECIEPEUPUUPCSE\-\--CI0.784\-\--E0.6860.773\-\--PEU0.7170.7230.846\-\--PU0.7490.7390.870.924\-\--UP0.7450.6820.7470.8720.864\-\--

5.3. Hypothesis testing {#sec5.3}
-----------------------

The evaluation of the structural model is presented in [Table 6](#tbl6){ref-type="table"} and subsequently discussed. It is crucial to address the lateral collinearity issue. In order to assess such collinearity issue, the same rule of thumb, variance inflation factor (VIF) values were applied. All the inner VIF values for the independent variables were examined and the lateral multicollinearity was observed to be clearly above the threshold of 0.2 and below the threshold of 5, indicating lateral multicollinearity was not a concern in this study ([@bib50]).Table 6Lateral collinearity assessment and hypothesis testing.Table 6HypothesisRelationshipVIFStd BetaStd Errort-valueR^2^f^2^Q^2^[H1](#enun1){ref-type="statement"}CSE -\> CI1.9090.3850.0784.933\*\*\*0.6190.2040.398[H2](#enun2){ref-type="statement"}E -\> CI2.2960.3080.0813.803\*\*\*0.109[H3](#enun3){ref-type="statement"}PEU -\> CI2.9600.0980.0941.0360.008[H4](#enun4){ref-type="statement"}PU -\> CI3.0160.0720.0920.7780.004[H5](#enun5){ref-type="statement"}UP -\> CI2.7380.0560.0770.7190.003[^3]

In this study, five direct hypotheses were developed between the constructs. In order to test the significance level, *t*-statistics for all paths were generated using SMARTPLS 3.0 bootstrapping function. Based on the assessment of the path coefficient as shown in [Table 6](#tbl6){ref-type="table"}, two out of five relationships were found to have t-value \> 1.645, thus significant at 0.05 level of significance. Specifically, the predictors of CSE (β = 0.385, *t*-value = 4.933, *p* \< 0.001) and E (β = 0.308, *t*-value = 3.803, *p* \< 0.001) are positively related on CI. Hence, [H1](#enun1){ref-type="statement"} and [H2](#enun2){ref-type="statement"} are supported.

Next, the effect size of the predictor constructs was evaluated using Cohen\'s *f*^2^ (J. [@bib28]) According to [@bib28], *f*^2^ for CSE (0.204) and E (0.109) were considered as medium effect size, whereas *f*^2^ for PEU (0.008), PU (0.004) and UP (0.003) were considered as small effect size.

The predictive relevance, Stone-Geisser\'s Q^2^ value for the endogenous construct CI was 0.398. It was clearly above zero and was above the medium threshold, indicating that exogenous constructs (CSE, E, PEU, PU and UP) have medium predictive relevance for endogenous construct CI ([@bib50]; [@bib46]; [@bib101]).

6. Discussion {#sec6}
=============

The objective of this study was to validate the usability factors to predict continuance intention to use Cloud e-Learning Application in higher education. Five usability factors, namely CSE, E, PU, PEU and UP, have been identified from various literatures such as technology acceptance model, motivational model, etc. to predict continuance intention (CI).

From the factor analysis, it was first observed that the moderate predictive power (R^2^ = 0.619), indicating that the five exogenous constructs (CSE, E, PEU, PU and UP) moderately predicted ([@bib25]; [@bib50]; [@bib53]) continuous intention (CI) to use Cloud e-Learning Application. Besides that, the proposed theoretical model was observed to have Q^2^ = 0.398, indicating that exogenous constructs (CSE, E, PEU, PU and UP) have medium predictive relevance ([@bib50]; [@bib46]; [@bib101]) for endogenous construct CI.

The findings also showed that CSE (*t*-value = 4.933, *p* \< 0.001) and E (*t*-value = 3.803, *p* \< 0.001) appeared to be strong predictors of CI, while PEU, PU and UP were found to be not significant. Studies have proven the importance of computer self-efficacy and enjoyment as intrinsic motivators for the continuance intention ([@bib47]; [@bib43], [@bib44]; [@bib82]). Thus, it is consistence with our prediction that computer self-efficacy and enjoyment moderately predict continuance intention in our research study.

Deducing from this result, there could be two possible theoretical reasons to why computer self-efficacy is crucial in continuance intention. According to [@bib35], computer self-efficacy affects the motivational base of a user in navigating a computer-based environment, and thus in the context of our study, this factor may have led to the likelihood of students learning optimally via Cloud e-Learning application. Besides that, according to [@bib63], computer self-efficacy is correlated to the ability of a user to understand computer-based applications. Hence, in the context of our study, students who were able to understand and handle the flow and design of Cloud e-Learning application were more likely to continue using it. Overall, computer self-efficacy could boost up the level of confidence of a user in using computer applications, thus positively affects continuance intention to use Cloud e-Learning application.

Enjoyment was found to be equally strong predictor, with a high beta coefficient value in the proposed theoretical model. This result aligned with previous studies that deemed enjoyment as a key factor in predicting technology acceptance and continuance intention technology ([@bib42], [@bib43]; [@bib83],[@bib84]; [@bib106]; [@bib112]; [@bib114]; [@bib116]; [@bib117]; [@bib118]). A notable study that showed enjoyment as an influential factor is Facebook which remained the most popular choice of social media platform ([@bib15]; [@bib38]), despite its complex features. Validated by the literatures, we confidently conclude that Cloud e-Learning application has brought some fun elements and joys to the students; thus, they were willing to continue learning via the e-learning application.

On the other hand, however, perceived ease of use, perceived usefulness and user perception exhibited contrary results, as they were found insignificant in the proposed theoretical model. This contradicted studies that validated the significance of perceived ease of use and perceived usefulness as predictors of technology and information system acceptance ([@bib1]; [@bib18]; [@bib21]; [@bib51]; [@bib55]; [@bib78], [@bib77]; [@bib81]). This study failed to substantiate the traditional TAM and previous studies on the effects of perceived ease of use and perceived usefulness towards continuance intention to use Cloud e-Learning application. As such, collectively, the insignificance of perceived ease of use suggests that resistance towards new technology may not be as pivotal as it once was. For example, perceived ease of use and perceived usefulness was a weak predictor for students\' behavioral intentions to use YouTube for procedural learning ([@bib66]), and students\' adoption intention of mobile technology for aiding student-lecturer interactions ([@bib43], [@bib44]). Another interesting study, which was found to be aligned with our present research outcome, also proved that enjoyment was more significant than perceived ease of use and perceived usefulness when predicting technology acceptance among a group of teachers ([@bib22]; [@bib106]). Lastly, the obtained result for user perception also found to be contradicted studies that demonstrated a positive and moderate relationship between user perception and user behavior ([@bib120]). The rejection of [H3](#enun3){ref-type="statement"}, [H4](#enun4){ref-type="statement"} and [H5](#enun5){ref-type="statement"} may signify a shift in thinking paradigm among adolescents and young adults who are adept and savvy with digital technologies ([@bib43], [@bib44]).

7. Conclusion {#sec7}
=============

The evolution in e-learning has produced innovative applications for supporting teaching and learning endeavours of teachers and students. Numerous education frameworks and applications especially e-learning have been presented in recent years. Thus, understanding the continuance intention of students towards using Cloud e-learning application is crucial. This study validated the proposed theoretical model for predicting continuance intention to use Cloud e-learning application among IT students in a private university in Malaysia. Five usability factors namely Computer Self Efficacy (CSE), Enjoyment (E), Perceived Ease of Use (PEU), Perceived Usefulness (PU), and User Perception (UP) were hypothesized to be positively associated to Continuance Intention (CI).

The proposed theoretical model effectively explains continuance intention (R^2^ = 0.619) of IT students to use Cloud e-Learning application. From the factor analysis results, two out of five proposed hypotheses are found to exert positive effects on continuance intention. Computer self-efficacy and enjoyment have strong positive effect on continuance intention, indicating on the relevance of the Cloud e-learning applications functional and enjoyment features. This finding suggests that in order for the students to be willing to continue using Cloud e-learning application, how they feel and do they enjoy the learning process via the application is vital. However, perceived ease of use, perceived usefulness and user perception, despite their prominence in various acceptance studies, did not show significant impact on continuance intention. This finding suggests that young technology users do not exert cognitive efforts and reflect their confidence in using Cloud e-learning applications. It is also observed that the rejected hypotheses are all related to students\' perception towards continuance intention, indicating that students\' perception or understanding towards technology does not impact their continuance intention to use Cloud e-learning applications. Instead, continuance intention to use Cloud e-learning is strongly impacted by students\' positive subjective experiences such as being confidence and having enjoyments while learning via Cloud applications. This implies that it is important to ensure that Cloud applications contain fun and entertaining elements in students\' learning processes in order to encourage higher continuance intention to use Cloud e-learning application. Besides that, it is also crucial that students are being taught and equipped with basic IT knowledge along their learning process to boost their confidence in using any e-learning applications to enhance learning productivity.

There is a limitation in this study where the scope of respondents was limited to IT students in one higher learning institution. IT students are generally more technology savvy if compared to non-IT students. Hypotheses test could have yielded different results if the respondents\' range is widened. Thus, future work of interest is to include more predictive factors from different theories and models into the theoretical model, and subsequently expand this data collection to other higher learning institutions in order to obtain a more generalized statistical result.
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[^1]: Note: E5, PEU4 and PU1 were deleted due to low loadings.

[^2]: Note: Values on the diagonal (bolded) represent square root of AVE while off-diagonals represent correlations.

[^3]: Note: \*\*\*p \< 0.001.
